Detection and estimation of multiple unresolved targets with a monopulse radar is a challenging problem. For ideal single bin processing, it was shown in the literature that at most two unresolved targets can be extracted from the complex matched filter output signal. In this paper, a new algorithm is developed to jointly detect and track more than two targets from a single detected bin. This method involves the use of tracking data in detection. For this purpose, target states are transformed into detection parameter space, which involves high nonlinearity. In order to handle this, the sequential Monte Carlo (SMC) method, which is proved to be effective for nonlinear non-Gaussian estimation problems, is used as the basis of the closed loop system for tracking multiple unresolved targets. In addition to the standard SMC steps, the detection parameters corresponding to the predicted particles are evaluated using the nonlinear monopulse radar beam model. It in turn enables the evaluation of the likelihood of the monopulse signal given tracking data. That is, we evaluate the likelihoods of different hypotheses of possible combinations of targets being in different detected bins. The hypothesis testing is used to find the correct detection event. The particles are updated and resampled according to the hypothesis that has the highest likelihood (score). A simulated amplitude comparison monopulse radar is used to generate the data with more than unresolved two targets. Simulation results confirm the possible extraction and tracking of more than two targets jointly.
INTRODUCTION
The simultaneous lobing technique, well known as Monopulse processing, is widely used in radars to measure the angle of arrival (AOA) of a target with subbeam accuracy. In amplitude comparison monopulse radar, two squinted beams (per angular coordinate) are used to receive two diverse returns of the target. The comparison of the in-phase difference signal and the in-phase sum signal yields the Direction Of Arrival (DOA) of the target. This conventional method is more preferred over other methods (e.g., maximum likelihood estimator and moment matching method), for its simplicity with estimation accuracy close to the Cramer-Rao lower bound (CRLB) at moderate or high signal-to-noise ratios (SNRs). However, it fails when more than one target fall into the same resolution cell. In that case, the DOA estimate indicated by the in-phase monopulse ratio can wander far beyond the angular separation of the targets [7] . These merged measurements often result in error in the accompanying track filtering and data association algorithms.
Various methods have been proposed in the literature to extract the unresolved targets from the standard monopulse system [3, 4, 5, 7, 8, 10] . In [7] the complex monopulse ratio was used to estimate the DOAs of two fixed amplitude targets with known Relative Radar Cross Section (RRCS) by applying the method of moments. This method has limited applicability due to RRCS fluctuations in real problems. Statistical description of complex monopulse parameters were explicitly derived in [4] . With this description, the Neymen-Pearson method was applied to detect target multiplicity in [3] . In [5] , it was further developed to estimate the DOAs of two unresolved Rayleigh (Swelling I) targets with known or estimated RRCS. For two unresolved Rayleigh targets the maximum likelihood (ML) angle extractor using numerical method is proposed in [8] . But a closed-form solution for this ML extractor was derived in [10] . In [12] , a more realistic case, where targets' spillover in the adjacent bins was taken into account, was considered. Using the identifiability principle, it was inferred that up to five targets can be extracted using joint bin processing of two adjacent matched filter samples. This in turn implies that using ideal single bin processing, as in [5, 8, 10] , at most two targets can be pulled out.
All of the above methods considered the detection and tracking separately. Here the detection and tracking are performed jointly so that tracking information can be utilized in detection. It requires the transformation of target state into detection parameter space which involves with high nonlinearity. The sequential Monte Carlo (SMC) method [1, 6 ] also known as the particle filter, which is proved to be effective for a nonlinear non-Gaussian estimation problems, makes it possible. With SMC as the basis, a new method is developed to jointly detect and track unresolved targets of an amplitude comparison monopulse radar with ideal single bin processing. It enables us to jointly detect and track more than two targets from a single cell.
In addition to the standard SMC steps, the direction of arrivals (DOAs) corresponding to the predicted particle states are evaluated using the nonlinear monopulse radar beam model. All the hypotheses for ideal bin processing (i.e., all possible combinations of targets being in different detected bins) are constructed. The likelihood of monopulse signals given the DOAs of the particles of different targets and given the hypothesis is computed by using the distribution of the monopulse signal. This likelihood is also the joint weight of the particles. The likelihood of the hypothesis is shown to be the sum of the joint weights. The hypothesis with the highest score is selected and the corresponding particles sets, which update with the marginal of the above joint weights, are taken to be the correct representation of posterior of the target states. That completes a recursion of the SMC. Since detection and tracking are performed jointly, estimation of the DOA of each target is no longer needed. Hence DOAs are not explicitly estimated. In addition, the hypothesis testing for detection incorporates the data association process as well.
The recursive Riccati-like formula for the Fisher Information matrix for nonlinear state estimation from [9] is used to derive the posterior covariance of the target state, which enables us to assess the algorithm. The paper continues with definitions and background information in section II. In section III, the new joint detection and tracking method is developed. In section IV posterior covariance matrix of the target state is derived. Simulation results are given in section V.
BACKGROUND AND DEFINITIONS

Monopulse signals and their distribution
In monopulse radar systems, the matched filter output which comprises the in-phase and quadrature parts of the sum, bearing difference and elevation difference signals, for N independent unresolved Rayleigh targets, can be written as
where
θ bi = bearing off-boresight angle of the target i θ ei = elevation off-boresight angle of the target i p 0 = receiver matched filter gain φ i = phase angle of target i return (7) n sI and n sQ are the Gaussian noise components with mean zero and variance σ 2 s . n dbI , n dbQ , n deI and n deQ are the Gaussian noise components with mean zero and variance σ (1) - (6) is a Gaussian random vari-
T is Gaussian distributed given the parameter set
where 
and α 0i is the average value of α i . The correlation coefficient ρ is included to allow for a real-valued correlation between the receiver errors that may result from the local oscillator.
JOINT DETECTION AND TRACKING
This section explores the use of tracking information in detection through joint detection and tracking. It requires the transformation of the target state into detection parameter space, which involves high nonlinearity. The SMC method, which is proved to be effective in nonlinear non-Gaussian estimation problems, is used for this purpose.
Consider the recursive Bayesian procedure of the SMC method for the closed-loop tracking of multiple closely spaced targets. At time k − 1, the tracking information is represented by a particle set {x
, where N T is the number of tracks and N P is the number of particles per track. The particle state, x, includes the target's kinematic state and the Average Radar Cross Section (ARCS) of the target. According to the Sampling Importance Resampling (SIR) particle filter, the particles are predicted
where f k|k−1 (·|·) is the state transition model.
The radar resource management routine determines the pointing direction for the next dwell, θ k , by considering these predicted positions x
, where w
T , corresponding to each particle is evaluated by using monopulse radar model [11] .
where α 0ji is the signal amplitude, η bji is the bearing DOA and η eji is the elevation DOA of the j th particle of target i. Assume that, after gating, N k tracks are corresponding to these detections. The validation matrix is constructed according to this gating, and different hypotheses are constructed for all the possible events from the validation matrix. The hypothesis, H h , is one of the feasible events that are determined by the following assumptions of the ideal bin processing for unresolved targets.
• Each target falls into at most one cell
• Each detection may be due to any number of targets Assuming independent detections, the likelihood of the h th hypothesis, H h , can be written as
Using the total probability theorem, p (y m k |H h ) can be written as
where N m,h is number of targets that cause the m th detection according to hypothesis H h , E{·} means the expectation operator. Φ N m,h is the stacked parameter vector corresponding to the N m,h targets of detection m given by
In the above, µ is the joint likelihood of the measurement given the stacked parameter vector Φ N m,h . That is,
with X N m,h being the stacked state vector corresponding to Φ N m,h . The first term in (14) is the probability of the event that N m,h targets fall into the m th cell and has uniform probability density function (PDF). The second term is the likelihood of signal z m k given the stacked parameter vector and has Gaussian PDF, which is given by (8) .
Using Monte-Carlo integration, 6 (12) can be approximated as follows:
where s is the set of the pair of indices of targets and particles:
and µ s is the joint likelihood of the particle set corresponding to s and evaluated using (14). There are N c = (N p ) N m,h possible combinations of particles and denote them by S = {s}. Particles are updated with marginal likelihood, λ j,i , which is given by
The updated weight is given by
The hypothesis testing yields the correct detection event, i.e.,
The corresponding updated particle set is taken as the correct representation of the posterior states of the targets at time k and that completes a single recursion.
POSTERIOR COVARIANCE OF TARGET STATE
In this section the posterior covariance of the target state is derived using the recursive computation method for Fisher information matrix [9] . According to [9] , the sequence of information matrices, {J 
∆ is the Hessian operator, F is the Jacobian of the nonlinear process function f , Q is the covariance matrix of the additive process noise and
. (19) can be simplified using the matrix inversion lemma in [2] , and can be written as
where J i y is the information contribution by the associated measurement y m k .
The information contribution of the range measurement, J i r , can also be written as
The range measurement uncertainty is uniformly distributed within the range bin and approximated as Gaussian distribution in this computation. Thus,
wherer i k is the predicted range of the target i that is equal to 
Therefore,
If the m th detection is due to targets i = 1, ..., N m , the information available in monopulse signal z m k is shared by them. Therefore, this information J z can be written in terms of the information contribution to each target of (27) as follows:
and this is corresponding to the stacked state vector x k . Then,
The information matrix J z can also be written as 
with
In the above,r i kh is the azimuth range given by
In the above differentiation, a linearly approximated monopulse error function is used. 11 The approximated DOA is given by
where θ BW is the two-way beamwidth, k m is the monopulse error slope, and θ is the AOA. The values of the monopulse error slope employed in this radar model for bearing and elevation, k 
where k 0 = 53.9,b k andê k are the pointing angles in bearing and elevation, respectively. b 0 and e 0 are boresight and tilt angles of the array, respectively.
Therefore information contributed by monopulse signal measurement is,
This expectation can be done using Monte-Carlo integration. 
SIMULATIONS
In this section the results of the simulation studies for the algorithm which was developed in section 3 are presented. There are two objectives for our simulation studies: the first is to evaluate performance in terms of track purity and the second is to analyze its tracking error performance relative to the PCRLB derived in section 4. The first scenario used in the simulations is shown in Fig. 1 , where three aircraft that are initially resolved and travel such that they approach each other with linear motion for 20 s and then make a coordinated-turn for 20 s so that they are brought into a convoy formation. During this period, the targets start to become unresolved. The radar is located at the origin of the coordinates. The radar is a nominal 4 GHz phased array using amplitude-comparison monopulse with uniform illumination across the array. A waveform of four subpulses (frequency diversity) is used. In this simulation a discretized white noise acceleration model [2] for target's kinematic state transition model and a white noise process model for ARCS transition model are used for state transition model in (10) . That is,
where ξ is the target kinematic state, σ is the target ARCS, υ is a Gaussian noise vector realization with independent components having a standard deviation 10 m/s 2 , each n is a white noise component with a standard deviation 0.05 m 2 and the matrices F and Γ are given by 
where δ is the time duration between the two subsequent dwells. The results from 50 Monte Carlo runs are presented below. Fig. 2 (a) shows the 50 Monte Carlo run average. The average tracks are almost following the truth with degraded performance during target maneuvering positions. The estimated tracks of 50 Monte Carlo runs are overlayed in Fig. 2 (b) , which demonstrates the track purity.
In the second part of this study, a scenario set which is similar to the eighth set of target trajectories in [11] , which consists of a number of inbound aircraft flying along parallel courses. The aircrafts have an initial range of 70 km and maintain a constant velocity of 200 m/s with a separation of 0.4 km so that targets are unresolved during the whole period considered in the simulation. The ARCS for all targets is 1.4 m 2 . The trajectories for the scenario with three targets is shown in Fig. 3 . Fig. 4 (a) shows the estimated position Root Mean Squared Errors (RMSE) and the corresponding lower bounds for the single target case. As expected, the algorithm performs well matching the lower bounds. For the case of two targets, as shown in Fig. 4 (b) , it is approaching the lower bound and agrees with results of [8] . Similarly it is somewhat approaching for case of three targets as shown in Fig. 5. 
CONCLUSIONS
An algorithm is developed to jointly detect and track unresolved targets in a monopulse radar with ideal single bin processing. It constructs the hypotheses for all the possible detection events. The particle filtering method makes it possible to evaluate the likelihoods of the hypotheses through Monte Carlo integration. The particle set corresponding to the best hypothesis represents the target posterior. Posterior covariance is derived to assess the algorithm using the recursive formula for Fisher Information. Preliminary simulation studies confirm the possible extraction and tracking of more than two targets jointly using single bin processing. 
